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Abstract: Inland saline wetlands are complex systems undergoing continuous changes in moisture
and salinity and are especially vulnerable to human pressures. Remote sensing is helpful to
identify vegetation change in semi-arid wetlands and to assess wetland degradation. Remote
sensing-based monitoring requires identification of the spectral characteristics of soils and vegetation
and their correspondence with the vegetation cover and soil conditions. We studied the spectral
characteristics of soils and vegetation of saline wetlands in Monegros, NE Spain, through field
and satellite images. Radiometric and complementary field measurements in two field surveys in
2007 and 2008 were collected in selected sites deemed as representative of different soil moisture,
soil color, type of vegetation, and density. Despite the high local variability, we identified good
relationships between field spectral data and Quickbird images. A methodology was established
for mapping the fraction of vegetation cover in Monegros and other semi-arid areas. Estimating
vegetation cover in arid wetlands is conditioned by the soil background and by the occurrence of
dry and senescent vegetation accompanying the green component of perennial salt-tolerant plants.
Normalized Difference Vegetation Index (NDVI) was appropriate to map the distribution of the
vegetation cover if the green and yellow-green parts of the plants are considered.
Keywords: arid wetlands; field spectrometry; green fraction cover; NDVI; halophytes; playa-lakes;
Ramsar wetlands; soil salinity
1. Introduction
A goal of the European Habitats Directive is to protect biodiversity through the conservation
of habitats (Council Directive 92/43/EEC). The Directive establishes the designation of protected
areas to be included in the Natura 2000 network. The implementation of this network requires the
monitoring and management of habitats and stresses the urgent need for updated information on
habitat conservation status. Remote sensing can provide useful data for mapping and monitoring
protected habitats [1–5] and assessing vegetation cover at detailed scales using aerial ortho-images,
or high resolution airborne or satellite imagery such as Quickbird, Ikonos [6–10], or the most recent
Worldview and Geo-Eye satellites [11–14], and to establish a relationship between vegetation cover,
type or biological crust, and its phenological state using satellite data [15,16].
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Habitat preservation requires continued monitoring [3] the distribution of habitats and
their conservation status. Vegetation changes have been estimated in arid areas using Landsat
images [17–20]. A large number of studies quantify vegetation cover using vegetation indices based
upon Landsat images and field surveys [7,17,21,22]. Quickbird images are suitable for plant cover
estimation and vegetation mapping in semi-arid areas, given their high spatial resolution [23].
However, the spectral range (445–900 nm) limits the study of plant cover [24] to chlorophyll and
leaf structure effects, and less to leaf moisture effects which can be directly sensed in the SWIR.
Notwithstanding, Duchemin [25] showed that the improvement of spatial resolution of Quickbird
images, compared with Landsat images, results in a better relationship between satellite and field
spectral data in heterogeneous areas.
The fraction of green cover has been estimated through satellite imagery, aerial photography,
or directly from field data using different techniques [23,26]. Laliberte et al. [27] combined image
segmentation and object-based classification of aerial photographs and Quickbird images to quantify
changes of vegetation cover in New Mexico. Laliberte et al. [23] obtained an underestimation of total
and senescent vegetation by 5% using digital ground photographs and object-based classification of
Quickbird images in arid regions of the southwestern US. Spectral unmixing techniques have been
applied in a variety of environments and scales, using fine and coarse resolution imagery such as
Landsat to estimate sub pixel proportions of ground components [13,28–33].
Vegetation in arid environments is characterized by open canopies with significant background
(leaf litter, dead branches, shadows, and soil) making it difficult to isolate the green vegetation
reflectance signal from the canopy background signal [34]. Mapping and estimating vegetation cover
in arid areas at detailed scales is hindered by the sparsity of vegetation and the influence of soil
background reflectance in the spectral data [15,17,35–39]. Moreover, green vegetation cover can be
overestimated if the Normalized Difference Vegetation Index (NDVI) is used for sparse vegetation
due to the high reflectivity of bright soils and the abundance of non-photosynthetic vegetation [7].
As Montandon and Small [40] pointed out, the assumption that NDVI of bare soil is 0, results in
overestimation of NDVI and vegetation quantity, especially in areas with sparse vegetation cover.
Todd and Hoffer [39] showed that for vegetation covers between 20% and 80%, NDVI values were
higher for moist soils than for dry soils, and that soil moisture influences more the reflectance of
vegetation than soil type.
Glenn et al. [41] established the relationship between NDVI extracted from high-resolution aerial
images (pixel of 0.3 m) and the fraction of green vegetation of plants with leaves of different shapes
and angle throughout the growing season. Maas [42] studied the effect of the spectroradiometer point
of view on the reflectance of vegetation in the field, observing a decrease of reflectance as shadows
between plants increased. Some studies try to establish quantitative and qualitative relationships
between spectral data and vegetation cover [11] and the characteristics of soils with biological
crust [16,43–45].
The development stage of vegetation in saline wetlands is subjected to water and salt stresses
resulting in a complex and highly variable environment [46] with sudden unpredictable changes.
There is no a standard methodology to examine the temporal changes of such environments.
European Directives and national rules enforce the conservation and protection of priority habitats.
A methodology is needed to overcome the lack of regular ground data in RAMSAR sites such as the
Monegros saline wetlands [47], in order to face their destruction due to the agricultural intensification,
especially new irrigation schemes. Satellite images are a major data source for habitat monitoring,
capturing information on the condition of protected areas and their surroundings, and the changes
in habitat extent and spatial patterns. The fraction of green cover is a sensitive indicator of land
degradation [7] and can be used to study changes in vegetation in arid areas.
The objective of our work was to develop an integrated methodology for monitoring the
vegetation of saline wetlands using remote sensing. For this purpose, we first analyzed the spectral
characteristics of soils and vegetation in Monegros saline wetlands during the 2007 and 2008 field
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campaigns using field spectra and synchronous soil and vegetation data. Secondly, we established a
relationship between the fraction of green cover and the spectral data from Quickbird images. Thirdly,
the NDVI values calculated from Quickbird images were compared to NDVI values calculated from
Landsat ETM+ and ASTER images to find out if these data could be applied for mapping the fraction
of vegetation cover.
2. Study Area
The Monegros desert, NE Spain, (Figure 1) hosts around 149 saline wetlands, locally named
“saladas”, with a total area extent of 1917 ha [48]. The saladas are spread in an agricultural landscape,
and are very close to irrigated lands, at elevation between 320 and 417 m above sea level. The area
is one of the most arid regions in Europe [49], with 346 mm of mean annual precipitation for the
Bujaraloz-Petris weather station situated at 345 m above sea level (41.43˝N–0.15˝E). Rainfall is very
irregular, ranging annually between 175 mm and 535 mm. The mean annual evapotranspiration ET0 is
1255 mm based on the estimate of [50] for the nearby Bujaraloz weather station.
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Figure 1. Study area with boundaries of saline wetlands and sampling sites marked on the Landsat
5TM image (RGB 543) from 11 July 2007.
For the period of this study, the cumulative rainfall from January to the end of June was 171 mm,
in 2007, similar to the long term mean for the same period, and 273 mm, in 2008, being 63% higher
than in 2007. The minimum temperature was ´10.2 ˝C in January 2007 and the maximum was 38.3 ˝C
in August 2007.
From the 149 inventoried saline wetlands, 114 have natural vegetation that covers 38% of the
total area. Halophytes (plants growing in a soil with a high content of salts) occur in 90 wetlands, the
rest are partially or totally cultivated [48,51]. The Monegros saline wetlands host a high biodiversity,
each wetland includes between two and 17 CORINE habitats and between two and seven habitats of
Community interest under the Habitats Directive 92/43/EEC. Part of the habitats has been already
destroyed due to the disappearance or the degradation of these wetlands [51,52]. Vegetation typically
fringes the bare hypersaline floors of the playa-lakes or covers the bottom of saline depressions,
conditioned by soil microtopography, moisture, and salinity. Due to the intermittent flooding, the
soil surface is prone to frequent changes in soil moisture and salinity, and to variable occurrence
of efflorescences (whitish fluffy or crystalline powder surface encrustation on a soil produced by
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evaporation of water brought to the surface by capillarity or by loss of water on exposure to the air [53])
and salt crusts. Soil texture at the saladas bottom is silty or silty clay [54].
Xero-halophilous (salt-tolerant shrub formations of dry ground in low-precipitation areas [55])
scrubs (Arthrocnemum macrostachyum, Suaeda vera subsp. braun-blanquetii, Limonium latebracteatum) and
Lygeum spartum, predominate in saline soils and occupy high topographic positions. Annual plants
(Frankenia pulverulenta, Sphenopus divaricatus, Halopeplis amplexicaulis, Salicornia patula, Microcnemum
coralloides) frequently pioneer the playa-lake floor. Xero-halophilous and halo-nitrophilous (plants
preferring or thriving in a saline soil [55]) scrubs and grasses are interspersed with meadows of
halophilous therophytes (annual plants which survive adverse season through their seed [56]) or
tamarisk (Tamarix canariensis) communities [48].
3. Material and Methods
Figure 2 summarizes the methodology followed to integrate field and satellite data. Two field
campaigns were conducted during the summers of 2007 and 2008, based on a georeferenced database
of vegetation [48,57]. Surveys were done in summer, when perennial halophytes reach maximum
photosynthetic activity. Field radiometry campaigns were synchronized with satellite images.
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3.1. Sampling Sites and Instruments
A total of 11 wetlands were sampled, nine in 2007 and six in 2008 (Figure 1); four of them were
surveyed in both years. Their size ranges from 134 ha to 240 ha. A. macrostachyum and S. vera were the
most representative plants from the point of view of the surface extent (162 ha) together with the bare
soil (342 ha). We sampled points deemed as representative of the covers to be discriminated by remote
sensing, i.e., bare soils intermittently flooded with different moisture and surface conditions (salt crust,
efflorescence), and vegetation with representative plants and different percent cover.
A CropScan MSR16R multispectral radiometer (16 bands centered between 450 nm and 1750 nm
with bandwidth – 10 nm) was used in 2007 to record the reflectivity of samples of soil or vegetation
in a total of 144 locations, 4–34 points at each wetland. A continuous spectrum (2020 bands between
200 and 1100 nm, with spectral resolution from 0.035 to 6.8 nm) was recorded in 2008, using the Ocean
Optics HR2000CG-UV-NIR spectrometer along 17 transects 24 to 150 m long. There were from two
to five transects in each wetland, and each transect included from four to nine points, 90 sampling
points. The readings were collected from 11:00 to 15:00 and calibrated with a 50% (grey) SpectralonTM
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reflectance standard panel (Labsphere, Inc., North Sutton, NH, USA). Sample and panel readings
were corrected by subtracting the dark spectrum of the instrument. Then, the reflectance values were
calculated as 0.5 ˆ sample value/panel value, where 0.5 is the correction factor of the grey panel. Five
spectral measurements per point were averaged and filtered.
The reflectance of samples in four CropScan channels (485, 561, 660, and 830 nm) was directly
compared with that of the corresponding Quickbird bands, with centers and bandwidths of 488 nm
(430–545), 542 nm (466–620), 650 nm (590–710), and 817 nm (715–918). The raw data from
Ocean Optics were pre-processed using SAMS (Spectral Analysis Management System) software
originally developed at the University of California Davis Center for Spatial Technologies and
Remote Sensing (CSTARS). The pre-processed continuum spectra, exported to the ENVI® spectral
library, were sampled into the Quickbird discrete bands using the Spectral Library Resampling tool.
We sampled the band 4 (NIR) within the range 775–795 nm to eliminate noisy absorption values.
NDVI [(NIR ´ VIS)/(NIR + VIS)] was calculated from the field spectra (NDVIField).
3.2. Ground Photography and Auxiliary Field Data
A vertical photograph (18 mm camera lens) of the ground was taken on a tripod at 1.3 m height
with a similar nadir to the spectrometer in 2008, simultaneous with each spectral measurement
(Figure 2). The photographs, covering 167 cm ˆ 111 cm on the ground, were classified with Can-Eye
software [58] by supervised classification to obtain the fraction of vegetation cover (fCover) [59]. The
reflectance of control samples with four different percent covers of vegetation (0%, 25%, 50%, and 100%)
prepared by visual comparison with Munsell standards was recorded. At each sampling point we took
a visual estimation of plant cover, the Munsell soil color hues, and the gravimetric soil moisture of the
two first centimeters of soil. For this purpose we determined the difference in weight after drying the
soil samples at 40 ˝C according to [60].
3.3. Satellite Images and Data Processing
Two Quickbird images were acquired in summer (July 2007 and 2008) scheduled in
correspondence with the field campaigns. Due to the 16.5 km-limited Quickbird width-imaging
swath, three sub-images were acquired between two dates (spanning 18 days) to complete the entire
study area in July 2007. A single Quickbird image was acquired for 2008 survey, adapted to the
surveyed area.
We checked the radiometric homogeneity of the field sites on the georeferenced Quickbird image
and we selected only the most homogeneous points with vegetation or bare soil, i.e., the pure points.
The fCover, estimated from the ground photographs, was related to NDVI from field spectra (NDVIField)
which was related to the NDVI calculated from the Quickbird image (NDVIQB) (Figure 2).
Furthermore, the effects of spatial and spectral resolution on the identification of the studied
vegetation were analyzed by comparing Landsat and ASTER summer images with Quickbird and
field spectral data. Landsat and ASTER images were processed similar to QB images. The dry summer
of 2007, with absence of rains before the capture of these images, guaranteed similar soil surface
conditions for all data sources. The characteristics of the satellite images are summarized in Table 1.
Satellite image processing included radiometric, atmospheric, and geometric corrections.
Radiometric corrections and conversion of image brightness to Top of Atmosphere (TOA) reflectance
were made using ACORN5 software (ImSpec, Palmdale, CA, USA) based on the MODTRAN4
(MODerate resolution atmospheric TRANsmission) algorithm. The geometric correction was applied
using more than 20 ground control points (GCP) and orthophotographs from 2006 supplied by the
Spanish Geographical Institute (IGN) with 0.5 m pixel size. A second order polynomial equation
and the nearest neighbor resampling were used to rectify the images, yielding root mean square
errors <0.5 pixel in all cases. We masked the image values outside of the wetlands using the wetlands
inventory boundary [51].
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Table 1. Characteristics of the satellite images utilized in the study.
Image Data Satellite
Quickbird ASTER Landsat 5TM
Acquisition date 2007 2008 2007 2007
11 July 29 July 28 August 11 July 11 July
Acquisition time 11:15:50 11:15:52 11:15:55 11:19:11 10:56:29 10:25
Part of the study area imaged North South-west East Center Whole area Whole area
Nadir angle (degrees) 12.9 13.4 2.3 24.5 2.8 nd
Format delivery GeoTiff HDF-EOS CEOS
Quantization levels (data type) 16 bits 8 bits
Correction Level Standard2a Sensor radiance 1B System corrected 1A
Spectral range used VIS, NIR VIS, NIR, SWIR/MIR
Spatial resolution (m) 2.44–2.88 (VIS and NIR) 15 (NIR)30 (SWIR) 30
Area of original scene (km2) 91.59 138.9 28.8 68.9 60ˆ 60 180ˆ 180
The resulting fCover map was classified using a decision tree classifier of ENVI® with fCover and
NDVIField images as input data. For NDVIField values <0, two soil moisture classes were established:
<20% and ě20%, after the soil moisture recorded in the field. For NDVIField values >0, classes of fCover
were established at 10% increments.
4. Results
4.1. Spectral Characteristics of Soil and Vegetation
Data of sampling points with spectrometer Ocean Optics are summarized in Table S1. Mean soil
reflectance ranges from 30% to 40% in the visible (VIS) and near infrared (NIR) spectra, respectively, and
reaches 50% in soils with efflorescence (Figure 3). Dry soils without efflorescence show continuously
increasing reflectance from the VIS to NIR. The soil surface frequently exhibited light colors, with
Munsell values of 7 and 8, due to the soil composition. Gypsum and carbonates are ubiquitous in the
landscape due to the parent material; the 0–15 cm soil layer is characterized by 10% to 91% of gypsum
and 12% to 45% of calcium carbonate [61].
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The occurrence of efflorescence increases the reflectivity of moist or saturated soils (Figure 3).
Sapropelic layers (limnic fetid slime or strongly reduced soil [62]) cause a general decrease of the
reflectance, showing by about 8% along the VIS and NIR excepting if efflorescence occurs (Figure 3).
Dark soils have Munsell values of 4 or less and a reflectance ranging from 10% to 20%. In spite of
the scarce rains, high evaporation, and desiccating winds during the dry season, the soil remained
moist at the saladas floor, with a gravimetric moisture content ranging from 0.4% to 24% in the top
two centimeters of soil. Moist soils show half the reflectance of dry soils: 10% to 20% in the VIS and
20% to 25% in the NIR spectra (Figure 4).
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(b) 50%; and (c) 100%) under dry and moist (field capacity) soil conditions, measured with Ocean
Optics spectrometer.
The spectral measures of control samples, arranged with different percent cover of vegetation
by visual comparison with Munsell standards (25%, 50%, and 100%), show a similar shape (Figure 4).
The reflectance decreases with the increase of vegetation cover and soil moisture. In general, visible
reflectance is about 20% less and near-infrared reflectance is 20%–30% higher. The difference between
the reflectance of dry and moist soils decreases as the percent cover of vegetation increases. The
maximum difference is about 10% and remains constant along the whole VIS-NIR spectra in areas
with ď25% cover of vegetation.
Field spectra of different plants with about 100% percent cover (Figure 5) give a similar spectral
signature with a relative low spectral signal. In general VIS reflectance is lower than 5% and NIR
reflectance <30%. Hyper-halophilous plants such as Salicornia ramosissima, pioneering the bare
soil (Figure 5a), present the highest and most variable reflectance, reaching up to 35% due to the
contribution of the soil background (Figure 5a). Halophytes show a 20% difference between VIS
and NIR reflectance and a slight peak of reflectance in the green part of spectra. Juncus maritimus
exhibits the lowest reflectance (VIS reflectance <5%) due to the reflectance from dry parts of the plant
(Figure 5b). Despite the differences in plant color and morphology, Lygeum spartum (Figure 5c),
Microcnemum coralloides (Figure 5d), and Salsola kali (Figure 5e) have similar spectral responses.
Remote Sens. 2016, 8, 590 8 of 18
Suaeda vera (Figure 5f) presents one of the highest differences between VIS and NIR (10%) even
although this plant had a high proportion of senescent component during the dates of the study, and
because of that the maximum near-infrared reflectance is below 25%. As the proportion of the green
component increases in the plant, the difference between VIS and NIR spectra increases.Re ote Sens. 2016, 8, 590 8 of 17 
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4.2. NDVI and Green Cover Fraction
Five classes r sulted from the lassification of field photographs (Figure 6): green and yellow-green
vegetation, woody component, bare soil, and mixed a eas corresponding to shadows and pixels not
included in the previous classes. The fraction of green vegetation extracted from the field photographs
ari s fr m 1.4% to 44%, with 22% s the mean. The yellow-green fraction of vegetation includes
s nescent v getation, and is largely represented in our sampling points. Very yellow vegetation was
not incl ded becaus it was not chlorophyllic and did not contribute to the NDVI but to the bar
soil spectra. If we total gr en plus yellow- reen ( r senescent) vegetation, the fCover increases to an
average of 27%, ranging from 2.3% to 74%.
Dark colored soils (chroma ď4) have from 2% to 18% of soil moisture whereas light colored soils
(chroma >5) are usually completely dry. The percentage of the five classes differs depending on the
soils chroma. On average, green and yellow-green fractions of vegetation are higher in dark soils
whereas the percentage of woody component increases in light colored soils (Table 2).
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Table 2. Percentage of the five components distinguished on field photographs.
Soil Color Soil Green Yellow-Green Woody Mixed
Dark soils (chroma 4 or less) 32.1 13.5 16.5 10.5 27.3
Light soils (chroma 6–7) 24.7 11.3 13.6 18.1 29.3
The relationship between the percentage of vegetation extracted from vertical photographs
(fCover) and NDVI derived from simultaneous readings of spectra depends on the vegetation classes
considered (Figure 7). A good relationship with a coefficient of determination R2 = 91% was obtained
by taking into account the green component of control samples. As shown in Figure 7, a 100% of
vegetation cover in the field results in 75% of fCover from the classification of the vertical photograph.
This result is comparable with that obtained for sampled points if green and yellow-green fractions are
included in the total amount of vegetation, R2 = 90% (RMSE = 6.09%). However, R2 decreases to 71%
(RMSE = 5.07%) if only the green fraction is considered (Figure 7).
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Figure 7. Regressions of fCover on NDVIField, for green vegetation, green plus yellow-green vegetation,
and control samples.
The spectrometer measures overestimate NDVI of control samples at 50% of vegetation cover
due to the contribution of the soil background with a high reflectance in NIR, and underestimate the
NDVI of 100% vegetation cover areas due to the shadows contribution. On the other hand, fCover
underestimates the vegetation cover if compared to visual appraisal, even if fCover is computed as the
green plus the yellow-green fractions. It is due to the effect of sha ows nd the difficulty of classifying
the wide range f green and yell wgreen hues occurring in the photograp s.
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Assuming an arbitrary NDVI value of 0.2 to separate soil and vegetation our sampling shows
that 40% of the vegetation should be considered bare soil. The soil line, i.e., the line where the bare
soil reflectance concentrates [63], also includes the sampling points characterized by sparse vegetation
with dark green color (Figure 8). This Figure resembles the classic Tasselled Cap shape, although with
few samples high in NIR and low in red since it is an arid environment.Remote Sens. 2016, 8, 590 10 of 17 
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4.3. NDVI Derived from Quickbird, ASTER, and Landsat
We regressed the NDVI derived from Landsat and ASTER images on the NDVI derived
from Quickbird (Figure 9). The lationship of ASTER and Quickbird data shows a strong
relationship, R2 = 0.9 (RMSE = 0.028%), where s the Landsat relationship is much weaker, with
R2 = 0.4 (RMSE = 0.049%). This good correlation indicates the suitability of ASTER images to study
the sparse vegetation.
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Bare and scarcely vegetated surfaces with NDVI ranging from 0.0 to 0.2, are the best correlated.
As vegetation cover increases, NDVI > 0.2, and the Quickbird image better detects the vegetation due
to its high spatial resolution. Small patches of low-density vegetation surrounded by bare soil are
identified with Quickbird but not with ASTER images. In these cases, the ASTER reflectance is similar
to that of bare surfaces.
4.4. Maps of Vegetation
The fraction of the vegetation (fCover) extracted from the Quickbird images following the
methodology presented on Figure 2 has been estimated by Equations (1) and (2). The regression
of fCover of sampling points on the NDVI calculated from spectrometer data (NDVIField) gave a good
relationship with R2 = 0.91 (Equation (1)):
f Cover “ 2.58` 92.83ˆ NDVIField (1)
and the regression of NDVI from the image (NDVIQB) on NDVIField gave a coefficient of determination
R2 = 0.99 (Equation (2):
NDVIField “ ´0.16` 1.84ˆ NDVIQB (2)
We obtained the fCover of the Quickbird image by applying the Equation (3):
f CoverQB “ ´12.27` 170.81ˆ NDVIQB (3)
The resulting fCover map is a raster of continuous values of vegetation cover. In order to identify
vegetation and soil classes within the wetlands area, we applied a classification as explained in the last
paragraph of the Methods section. The general low density cover of the vegetation of the Monegros
wetlands and the high variability of its spectral response (Figure 6) required tailored thresholds for
classifying remotely sensed data. For this purpose, we used expert judgement based on more than
twenty years of field research [46,51]. By applying the thresholds summarized in Table 3, we obtained
a map with six classes of fCover, three of soil moisture, plus one of water.
Table 3. Thresholds applied on the decision tree classifier to map the vegetation fCover, soil moisture,
and water.
Vegetation Classes
(NDVIField > 0)
Bare Soil and Water Classes
(NDVIField < 0)
fCover Threshold Vegetation Class NDVIField Threshold Moisture Class
0 ď 10 Rare 0–´0.05 Dry
10 ď 20 Very sparse ´0.05–´0.3 Moist (ď20%)
20 ď 30 Sparse ´0.3–´0.05 Saturated (>20%)
30 ď 40 Medium sparse <´0.05 Water
40 ď 50 Low dense
>50 Dense
The resulting map of fCover, bare soil, and water (Figure 10a) shows a good agreement with the
map of habitats of [48] drawn on orthophotographs and field estimations. However, the vegetation
cover estimated as fCover from the Quickbird images is always lower than our visual estimations in
the field. In this way, the dense vegetated cover class of Figure 10c corresponds to the darkest areas in
the orthophotograph (Figure 10b) where we recorded up to 90% of vegetation cover.
It was not possible to obtain samples of vegetation cover from orthophotographs through a
consistent range of covers to be compared with the different classes of fCover map. So, this research
does not establish an accuracy assessment for back in 2007–2008 when the data were collected. The
available orthophotographs are from 2006 and 2009 and the patches of vegetation and soil conditions
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change frequently and differ between the two years so they may be quite different from that of our
images. Our study is a clear case of where estimation is required when no other images are available.Remote Sens. 2016, 8, 590 12 of 17 
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5. Discussion
As reviewed by [7], regression relations between NDVI and known vegetation cover provide
efficient measures of vegetation abundance though this relation remains sensitive to background
soil reflectance. This is one of the limitations we coped with in our study. The persistence of soil
moisture and the occurrence of a thin sheet of water make difficult the interpretation of the field
spectra. Dry soils without efflorescence (Figure 3(Dry soil)) had continuously increasing reflectance
from the VIS (25%–35%) to NIR (35%–45%), whereas soils at field capacity (Figure 3(Saturated soil
with efflorescence)) reduce the reflectance to a half, 10%–20% in the VIS and 20%–25% in the NIR.
Different features can give similar spectral response or NDVI. In summer, soil with efflorescence
maintains the reflectance in the VIS and NIR reflectance above that of other types of soils. Soil moisture
in the upper 2 cm of soil reduces the reflectance 15%–20% versus dry soil, diminishing radiance and
masking other characteristics of the soil (Figure 3(Moist soil with efflorescence)). The data recorded
with the CropScan spectrometer demonstrates that the reflectance of salt crust (Figure 3(Salt crust))
increases from the VIS to NIR and decreases about 38% in the medium infrared.
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Dry soils without efflorescence continuously increased in reflectance from the VIS to NIR
depending on soil color, which in turn varies with soil composition. The 0–15 cm soil layer is
characterized by high gypsum and calcium carbonate contents [61]. This composition contributes
to the bright color of the soil, with Munsell values of 7 and 8, which gives reflectance ranging from
30% to 40% in visible bands and near infrared bands. White soils can be mistaken for efflorescence
making it difficult to interpret the reflectance values and NDVI, especially in areas with vegetation
and bare soil.
In the wetlands studied, a sapropelic layer of millimetric thickness and black color influences
the soil reflectance. In agreement with [16], it is much lower in the VIS, NIR, and MIR than any type
of soil and shows a flat shape, especially between green and red (Figure 3(Dry sapropelic soil, Moist
sapropelic soil with efflorescence)). Moreover, when desiccation polygons develop, the soil reflectance
includes that of shadows between cracks and the dark color of the underlying material. Although
these soils have distinct spectral features, the small surface extent of the patches where these soils
occur limits their detection by remote sensing.
The CanEye classifications, previously used to characterize the structure of crops [64], together
with spectral data recorded in the field helped to interpret the spectral values of vegetation in all the
possible scenarios. The various colors of the vegetation (Figure 5) are better detected if ground truth is
recorded in-situ instead of using orthophotographs [7] though field sampling can be a limiting factor
for studying large areas. The vegetation of fluctuating saline wetlands is heterogeneous and includes
patches of sparsely vegetated areas, densely vegetated spots, and bare areas, which exhibit frequent
changes of soil surface appearance, resulting in complex spectral combinations of vegetation with
different soil conditions. This highlights the importance of the temporal dimension. Because of that, it
is arguable if a one-date regression can be used to monitor this vegetation and soil moisture over the
year and inter-annually. Our methodology can be applied if a temporal data set of satellite images and
field data are available. A big question, suggesting future lines of research, is if regressions must be
created for every date, or should one date's regression be used to estimate fCover on each date.
The spectrometer registers the reflectance of both green and yellow-green parts of plants and
non-photosynthetic parts such as the frequent woody and senescent components. Moreover, the lack
of temporal coincidence of maximum vigor between the different species of plants must be taken into
account. Halophytes are only partially and temporarily green, their greenness is dark and gives a low
spectral signal [65]. This low reflectance (VIS reflectance <10% and NIR <35%) is related to the cellular
structure and the accumulation of salts [66]. Tueller [67] and Smith et al. [11] noted that in areas with
less than 30%–40% of cover, the sensitivity of NDVI to the soil background restricts the estimation
of green cover. These facts justify the use of a specific methodology adapted to this dark green and
sparse vegetation.
Despite their differences in color, morphology, and density of vegetation, Lygeum spartum,
Microcnemum coralloides, and Salsola kali have similar spectra though with different proportion of
the green component. Decaying and woody fractions of plants have greater influence on soil spectra
than green vegetation; spectra of woody components and dead vegetation can be confused with that
of soil. Hyper-halophilous plants such as Salicornia ramosissima are detected with a high and variable
reflectance, especially from NIR bands (Figure 5) because of their frequent occurrence as individuals
sparse on patches of ephemeral efflorescence (Figure 5a).
NDVI has been used to discriminate ranges of vegetation cover and soil conditions. We focused
on NDVI because it is by far the most popular index and used at different spatial scales. The
local Government of our region furnishes NDVI maps for free at a broad scale in the context of
annual agricultural statistics. With this article we demonstrate the usefulness of NDVI to identify the
vegetation cover when coupled with field knowledge.
The relationship between field spectra and satellite data were based on sampling points considered
to be spectrally homogeneous and on pure pixels of soil and vegetation. Despite the difficulty in
differentiating the spectra of non-photosynthetic vegetation from that of soil, the classification of the
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photographs using CanEye was suitable in determining the contribution of green and yellow-green
parts of the plant to the fraction cover and NDVI of natural vegetation. The disagreement between
the cover fraction estimated from NDVI and the previous maps of vegetation is explained by the
different estimation methods. The vegetation cover obtained from ground photographs represents
green and yellow-green vegetation, whereas the visual estimation of cover in the field also includes
the woody components of the plants. The woody components and other dry parts of the plants are
non-photosynthetic elements of the biomass. The increase of reflectance produced by this “non-green”
biomass could be interpreted as reflectance of the soil background. Therefore, the fCover map indicates
only the photosynthetic biomass and excludes the non-photosynthetic part of the vegetation.
6. Conclusions
Soil surface data and spectral reflectance measurement are vital for the spectral study of land
cover components of saline wetlands and similar arid and changing environments. We have developed
a methodology to analyze the spectral characteristics of soils and vegetation in saline wetland
environments which can be exploited to assist in the monitoring of these protected areas. Our
approach, based on remotely sensed and field spectral data provides a predictable relationship of
vegetation cover. The satellite spectral characteristics of soils and vegetation of the saline wetlands of
Monegros can be interpreted in spite of: (i) the classical difficulties for synchronizing the acquisition of
field and satellite data; (ii) the frequent and abrupt changes of soil surface conditions over a few days
or even hours; and (iii) the difference in the phenology of plant species that hampers the collection of
representative spectral information in a single field campaign.
The resulting maps underestimate the vegetation cover, though they allow comparison of data
from different dates paving the way for future assessment of temporal changes of saline wetlands. The
high variability of the soil surface conditions and the vegetation in the studied wetlands is a limiting
factor in the selection of homogeneous classes. Addressing this drawback would be the subject of
future investigations.
To establish a range of green vegetation fCover, ongoing research will require a selection of a larger
amount of field spectral data over bare soils as well as masking of the vegetation in the classification
process. Moreover, the study of the spectral behavior of soils and vegetation in other seasons and the
use of other indices able to classify the non-photosynthetic vegetation will be complementary. The
contribution of the middle infrared (MIR) ASTER waveband is advantageous and compensates for the
medium spatial resolution of this image, as it can better discriminate moisture, both from vegetation
and soil.
We have presented a methodology developed with the available highest resolution for the period
of study, requested under complicated programming schemes and at high prices. The quantity and
quality of remotely sensed data have changed the possibilities of study of the land covers at different
scales, especially enabling the long term studies to monitor the ongoing environmental alterations
associated with new on-farm irrigation developments in the study area. In this way, our study based
on QB images can be contrasted with new satellite data, now available for free, and will be very
useful if the Environmental Authority wants to contrast new data with old data, as is the case for law
enforcement in the context of environmental EU rules.
Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/7/590/s1,
Table S1: Data of sampling points with spectrometer Ocean Optics.
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